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a b s t r a c t

Zinc-dependent histone deacetylase 8 removes the epsilon-acetyl groups present in the N-terminal lysine
residues of histone proteins, thereby restricting various transcription factors from being expressed. Inhi-
bition of this enzyme has been reported to be a novel strategy in cancer treatment. To identify novel and
diverse leads for use in potent histone deacetylase 8 inhibitor design, a pharmacophore model showing
high correlation between experimental and estimated activities was generated using the best conforma-
eywords:
harmacophore
istone deacetylase 8
ancer
irtual screening

tions of training set compounds from molecular docking experiments. The best pharmacophore model
was validated using four different strategies and then used in database screening for novel virtual leads.
Hit compounds were selected and subjected to molecular docking using GOLD. The top-scored compound
was further optimized for improved binding. The optimization step led to a new set of compounds with
both improved binding at the active site and estimated activities. The identified virtual leads could be

t histo
ipinski’s rule
OLD

used for designing poten

. Introduction

Acetylation is a post-translational modification that is regulated
y two functionally opposite enzymes: histone deacetylase (HDAC),
zinc-dependent metalloenzyme, and histone acetyl transferase

HAT) [1,2]. Whereas HDAC enzymes are found in bacteria, fungi,
lants and animals, HATs are only present in eukaryotic systems
3,4]. HDACs mediate the removal of epsilon-acetyl groups of
ysine residues present at the N-terminal part of core histones.
his deacetylation increases the positive charge density on the N-
ermini of histones, thereby leading to tight histone–DNA (which
as negative charge) binding, which restricts the access of tran-
cription factors. By contrast, HATs loosen the histone–DNA binding
y acetylating the positively charged lysine residues in the N-
ermini of core histones, thus activating gene transcription. The
atalytic functions of these two enzymes are well balanced in nor-
al cells, but the disturbance of this balance is frequently observed

n human cancers [3,5]. Inhibition of HDAC enzymes is an emerging

herapeutic strategy for treating cancers in humans [6–8]. Several
n vitro studies have shown the influence of HDAC inhibitors over
roliferation, apoptosis and promotional effects on differentiation

n several cancer cell lines; moreover, these inhibitors have exerted
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E-mail address: kwlee@gnu.ac.kr (L.K. Woo).
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ne deacetylase 8 inhibitors as anti-cancer therapeutics.
© 2010 Elsevier Inc. All rights reserved.

antitumoral effects in mouse models [9,10]. In addition to cancer,
other therapeutic applications on neurodegenerative diseases and
inflammation have been proposed for HDAC inhibitors [11]. Block-
ing the activity of HDAC enzymes should favor chromatin relaxation
and increase gene transcription, which could be a common mech-
anism for the induction of gene expression by HDAC inhibitors
[3]. HDAC inhibitors are structurally distinct, comprising hydrox-
amic acids, cyclic peptides, electrophilic ketones, short-chain fatty
acids, and benzamides [12–22]. Three structural characteristics are
commonly present in all HDAC inhibitors: a zinc-binding group
(ZBG) to coordinate the catalytic metal ion, and a hydrophobic
spacer and hydrophobic cap group to bind with residues at the
tunnel and active site entrance, respectively (shown in Fig. 1).
Among the various classes of HDAC inhibitors, hydroxamic acid
inhibitors are the most well-studied group and includes Vorino-
stat (Suberoanilide hydroxamic acid, SAHA), which was recently
approved by FDA for the treatment of cutaneous T-cell lymphoma.
A handful of molecules from this class are in various phases of
drug development. Panobinostat, Belinostat, ITF-2357 are some of
the hydroxamic acid derivatives in phase II development. Several
other inhibitors, MS-275 and MGCD0103 (benzamide), depsipep-
tide (cyclic peptide), and valproic acid and butyrate (short-chain

fatty acid), are also in active development [23,24]. Almost 30 years
ago, some studies to understand the effect of dimethyl sulfoxide on
terminal differentiation of murine erythroleukemia cells [25] led
to the development of novel pharmacological agents in the area
of chromatin remodeling. HDAC enzymes possess a narrow and

dx.doi.org/10.1016/j.jmgm.2010.07.007
http://www.sciencedirect.com/science/journal/10933263
http://www.elsevier.com/locate/JMGM
mailto:kwlee@gnu.ac.kr
dx.doi.org/10.1016/j.jmgm.2010.07.007
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ig. 1. Basic pharmacophore model of HDAC inhibitors compared with SAHA.

eep active site spanning a length equivalent to four or six straight
arbon chains. A divalent cation (Zn2+) is located at the bottom of
he active site and acts as catalytic machinery in combination with
harge relay system residues H142, H143, D176 and D183 (shown
n Fig. 2). Recently determined crystal structures of HDAC8 with
ifferent set of inhibitors elucidated the binding mode of HDAC8

nhibitors at this active site. The family of HDAC enzymes com-
rises 18 isoforms, which are broadly classified into four classes.
lass I (HDAC1-3 and 8), class II (HDAC4-7, 9 and 10) and class

V (HDAC11) HDACs are zinc-dependent enzymes. Class III HDACs
re sirtuin proteins that are dependent on NAD+ for their activity
26,27]. Most of the currently known inhibitors are not selective to
nhibit individual HDAC enzymes because of the highly conserved
ctive site in all HDAC isoforms. Except HDAC8, functional HDACs
re not found as single peptides but as multimeric complexes of
igher molecular weight; in addition, most of the purified HDAC
nzymes are functionally inactive [10,28]. Along with this advan-
age, expression of HDAC8 notably correlates with the disease stage
f neuroblastoma, a highly malignant childhood cancer derived
rom the sympathetic nervous system [29,30]. Moreover, an RNA
nterference study showed that HDAC8 is involved in the regulation
f proliferation, clonogenic growth and neuronal differentiation of
euroblastoma cells. Inv1, an abnormal fusion protein formed dur-

ng acute myeloid leukemia binds HDAC8, is also associated with
berrant, constitutive genetic repression [31]. Therefore, HDAC8 is
onsidered to be the best model among other mammalian HDACs
rom a structural biology perspective. Previously reported pharma-
ophore models were based on non-specific activity values [32] and

DAC1 inhibitory activities [33], but not for HDAC8.

In our study, we successfully used pharmacophore modeling,
irtual screening and molecular docking approaches in the iden-
ification of potential virtual leads for HDAC8 inhibitors to treat

ig. 2. Full view of the 3D structure of HDAC8 enzyme with one of its hydroxamate inhib
he active site residues involved in deacetylation mechanism are labeled. Protein is show
epresentation.
raphics and Modelling 29 (2010) 382–395 383

various cancers in human. A statistically significant pharmacophore
model was developed and validated using four different methods.
The validated pharmacophore model was then used in database
screening and molecular docking studies to identify the virtual lead
candidates for HDAC8 inhibitors. The final hit compounds were
optimized to improve the binding at the HDAC8 active site. Finally,
the compounds with the optimized substitutions were checked for
their synthetic feasibility and novelty.

2. Materials and methods

2.1. Collection of HDAC8 inhibitors

A sufficiently large set of compounds with their HDAC8
inhibitory activity data is essential in pharmacophore model gen-
eration. In literature, a variety of assay procedures are used to
determine the HDAC8 inhibition of chemical compounds [34–38].
More than 500 compounds along with their experimental activity
data were identified from various scientific resources. Out of these,
97 compounds were found to have IC50 values identified using the
same biological assay conditions [38–44]. The IC50 value is the con-
centration of a compound required to inhibit 50% of the HDAC8
activity.

2.2. Training set, test set selection and optimization

The selection of a suitable training set is the most important
step in pharmacophore modeling, as this determines the quality
of the generated pharmacophores. The test set, which is not used
in model generation, but in the pharmacophore validation pro-
cess, has equal importance. The IC50 values of these 97 compounds
spanned across a wide range from 0.008 �M to 35 �M. In this study,
20 of 97 compounds were chosen as the training set based on the
diversity observed in chemical structures and experimental activ-
ity values. The remaining 77 compounds were employed in the
validation process as the test set. Fig. 3 shows the chemical struc-
tures of the training set compounds. Both the training and test
sets are sufficiently diverse in their chemical structures. The 2D
chemical structures of all the compounds were drawn using Chems-
ketch, version 12 (Advanced Chemistry Development Inc., Toronto,
version 2.1 (DS) (Accelrys Inc., San Diego, USA). The 3D structure
of every compound was generated, followed by optimization using
force fields in CHARMM [45]. All of the structures were minimized
using Steepest Descent followed by Conjugate Gradient algorithms

itors (left). The active site of HDAC8 enzyme is zoomed in for a clear view (right).
n in stick model whereas the inhibitor and metal ion are shown in ball and stick
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Fig. 3. Training set compound

ith a convergence gradient value of 0.001 kcal/mol. The activity
alues of the data set were classified into four categories, active
IC50 ≤ 0.1 �M, ++++), moderately active (0.1 ≤ IC50 ≤ 1 �M, +++),
ess active (1 ≤ IC50 ≤ 10, ++), and inactive (IC50 > 10, +), to simplify
he results of pharmacophore generation and validation.

.3. Molecular docking enabled pharmacophore modeling

Every pharmacophore modeling study that employs the
ypoGen or HipHop module of the CATALYST program convention-
lly starts with the diverse conformation generation step that uses
he ConFirm module with the Poling algorithm of CATALYST to pro-
uce a maximum of 255 diverse conformations with a cutoff value
f 20 kcal/mol from the local energy minimum [46–48]. Though
his step has performed well in various applications, numerous
revious studies have revealed that the energy of the biological
onformer of a particular compound is usually well above its local
nergy minimum [49,50]. The well-known induced-fit theory also
ndicates that a molecule should rearrange itself to fit into the
rotein’s active site; the energy spent for rearrangement is com-
ensated by protein–ligand binding [51,52]. Therefore, no protocol

ncluding ConFirm of CATALYST could assure the prediction of the
iological conformation of small molecules. This problem of con-
ormation generation is especially encountered in compounds with
igher molecular weights and more rotatable bonds. To avoid this
roblem, we performed molecular docking experiments and used
he best-docked conformations of each training set compound for
harmacophore generation. All of the training set compounds were
ubjected to molecular docking using GOLD (Genetic Optimization
or Ligand Docking), version 4.1 [53]. GoldScore scoring function

as chosen out of the other functions such as ChemScore, Astex

tatistical Potential (ASP) or Piecewise Linear Potential (PLP) scor-
ng functions. The thirty best binding conformations were chosen
ased on their GOLD fitness scores and their binding orientations
elative to experimentally known conformations of co-crystallized
their top GOLD fitness scores.

small molecule inhibitors in various HDAC8 crystal structures. The
GOLD program performed well on the training set compounds, as
the GOLD fitness scores were well correlated with the activity val-
ues (Table S1). The training set compounds are shown with their
best GOLD fitness scores in Fig. 3.

Pharmacophore model generation was carried out using the top
30 binding conformations of each training set compound. All of
the calculations were performed by the DS program. Feature Map-
ping in DS was used to identify the chemical features present in
the training set compounds. Pharmacophore model generation was
carried out by selecting chemical features, such as hydrogen bond
acceptor (HBA), hydrogen bond donor (HBD), hydrophobic (HYP),
positive ionizable (PI) and ring aromatic (RA). HypoGen generates
pharmacophore models primarily based on the chemical features
of the most active compounds in the training set. The default Mini-
mum Inter-feature Distance value of 2.97 Å was changed to 2.2 Å so
the program would consider the chemical features present at least
within 2.2 Å during pharmacophore generation. This change was
essential because the hydroxamic acid moiety of HDAC inhibitors,
which is necessary to interact with the metal ion in the active
site, has a secondary amino and a hydroxyl group within 2.2 Å. The
Uncertainty value was changed to 2 from the default value of 3 as
the training set compounds barely spanned the required range of
activity (i.e., four orders of magnitude) [32]. The Uncertainty value
of 2 is defined by CATALYST as a measured value being two times
higher or two times lower than the true value. All other parameters
were kept at their default values. The 3D QSAR Pharmacophore Gen-
eration protocol (HypoGen protocol of CATALYST) in DS was used to
generate ten pharmacophore models. During hypothesis genera-
tion, the structure and activity correlations in the training set were

rigorously examined. HypoGen identifies features common to the
active compounds and excludes features common to the inactive
compounds within conformationally allowable regions of space. It
further estimates the activity of each training set compound using
regression parameters. The parameters were computed by regres-



ular G

s
t
g
c
t
m
h

2

s
l
c
r
m
t
t
m
c
p
a
t
m
m
c
s
fi
p
i
m

m
p
r
p
m
a
f
a
t
r
a
r
a
d
m
i
v
s
c
d
t
t
d

2

w
t
s
a
a
o
t

T. Sundarapandian et al. / Journal of Molec

ion analysis using the relationship of geometric fit value versus
he negative logarithm of activity. The better the geometric fit the
reater the activity prediction of the compound. The fit function
hecks if the feature is mapped, and it also contains a distance
erm, which measures the distance separating the feature on the

olecule from the centroid of the feature in the pharmacophore
ypothesis. Both terms are used to calculate the geometric fit value.

.4. Pharmacophore validation

In general, pharmacophore models are used as 3D queries to
earch chemical databases to identify new and highly potent drug
eads. These pharmacophore models should be statistically signifi-
ant, able to predict the activities of new chemical compounds and
etrieve active compounds from the database. The selected phar-
acophore model was validated using four methods, cost analysis,

est set prediction, Fischer randomization test and enrichment fac-
or calculation (E). HypoGen ranks the 10 generated pharmacophore

odels on their cost values. The weight, error and configuration
osts are three components that represent the overall cost of a
harmacophore model. The value of the weight cost increases in
Gaussian form as this function weighs a model’s deviation from

he ideal value of two. The error cost value represents the root
ean square (RMS) difference between the experimental and esti-
ated activities of the training set compounds. The configuration

ost denotes the complexity or the entropy of the conformational
pace being optimized and is constant for a given data set. The con-
guration cost should be less than 17 for a good and significant
harmacophore model. The total cost of a pharmacophore model

s the sum of these cost components; however, the error cost is the
ain contributor.
HypoGen also calculates two additional costs for each phar-

acophore generation calculation and a cost for every created
harmacophore model. The fixed cost is the lowest possible cost
epresenting a simplest hypothetical model that fits all data
erfectly and the null cost represents the maximum cost of a phar-
acophore with no features and estimates the activity to be the

verage activity of the training set compounds and the total cost
or every pharmacophore. A larger difference between the fixed
nd null costs than that between the fixed and total costs signifies
he quality of a pharmacophore model. All of these cost values are
eported in bits and a difference of 40–60 bits between the total
nd null costs suggests a 75–90% chance of representing a true cor-
elation in the data. Seventy-seven diverse compounds were used
s the test set to validate the pharmacophore model. Fischer ran-
omization (Cat-Scramble) is another approach for pharmacophore
odel validation. The 95% confidence level was selected in this val-

dation study and 19 random spreadsheets were constructed. This
alidation method checks the correlation between the chemical
tructures and biological activity. This method generates pharma-
ophore hypotheses using the same parameters as those used to
evelop the original pharmacophore hypothesis by randomizing
he activity data of the training set compounds. The fourth valida-
ion method is based on the E value, which is calculated using a
atabase containing active and inactive compounds.

.5. Database searching and Lipinski prediction

The selected quantitative pharmacophore model generated
ithin DS was used as a 3D query in database searching. This vir-

ual screening was conducted to find novel and diverse virtual leads

uitable for further development. Database searching offers the
dvantage that the retrieved compounds are usually more easily
vailable for testing than those based on de novo design meth-
ds [54]. A molecule must be able to map all of the features of
he pharmacophore model to be listed as a hit. All screening exper-
raphics and Modelling 29 (2010) 382–395 385

iments were performed using the Ligand Pharmacophore Mapping
protocol with the Best Flexible Search option as available in DS. Hit
compounds from the database searching with less than 0.1 �M esti-
mated activity values were retained. In addition, hit compounds
with good estimated activity were predicted for the drug-likeness
using Lipinski’s rule of five [55]. A Lipinski-positive compound has
(i) a molecular weight less than 500; (ii) less than 10 hydrogen bond
acceptor groups; (iii) less than 5 hydrogen bond donor groups and
(iv) an octanol/water partition co-efficient (Log P) value less than
5.

2.6. Molecular docking

Compounds that were predicted to be positive in Lipinski drug-
likeness screening were subjected to molecular docking studies.
The GOLD program from Cambridge Crystallographic Data Centre,
UK uses a genetic algorithm to dock the small molecules into the
protein active site. GOLD allows for a full range of flexibility for
the ligands and partial flexibility of the protein. Protein coordinates
from the crystal structure complex of HDAC8 with trichostatin (PDB
ID: 1T64), one of the most active inhibitors, determined at a resolu-
tion of 1.9 Å were used to define the active site. The active site was
defined with a 10 Å radius around the bound inhibitor. The 10 top-
scoring conformations of every ligand were saved at the end of the
calculation. Early termination option was used to skip the genetic
optimization calculation when any five conformations of a partic-
ular compound were predicted within an RMS deviation value of
1.5 Å. The GOLD fitness score is calculated from the contributions of
hydrogen bond and van der Waals interactions between the pro-
tein and ligand, intramolecular hydrogen bonds and strains of the
ligand [53,56]. Protein–ligand interactions were analyzed using DS
and Molegro Virtual Docker [57].

2.7. Optimization of final hit compound

Various chemical substitutions were made on the final hit com-
pound with top GOLD fitness score for improved binding at the
active site. Synthetic accessibility of these optimized compounds
was checked using SYLVIA, version 1.0 [58,59] from the Molecu-
lar Networks group. The estimation of synthetic accessibility using
SYLVIA provides values between 1 for compounds that are very easy
to synthesize and 10 for compounds that are very difficult to syn-
thesize. In this study, we set a value of 3 for easily synthesizable
compounds and 6 for more difficult compounds. The method for
calculating synthetic accessibility accounts for a variety of criteria,
such as the complexity of the molecular structure, complexity of the
ring system, number of stereo centers, similarity to commercially
available compounds, and potential for using powerful synthesis
reactions. These criteria are individually weighted to provide a sin-
gle value for synthetic accessibility. The novelty of the final hits
and the optimized structures were evaluated using SciFinder Scholar
[60] and Pubchem compound search [61].

3. Results and discussion

3.1. Pharmacophore modeling

We used pharmacophore modeling and molecular docking
methodologies to develop a pharmacophore model for HDAC8
inhibitors. The model was further used in database screening to
find novel and diverse virtual leads for HDAC8 inhibitors. Molecu-

lar docking was performed with the training set compounds prior
to pharmacophore generation to obtain the experimentally known
conformations of the training set compounds. The well-known
pharmacophore (Fig. 1) of HDAC inhibitors contains metal binding
and hydrophobic parts that are significantly important for enzyme
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Table 1
Statistical results of the generated pharmacophore models.

Hypo Total cost Cost differencea RMSD Error cost Correlation Features

1 81.011 61.146 0.941 66.916 0.948 HBA HBD HBD HYP
2 82.021 60.136 1.004 68.139 0.939 HBA HBD HBD HYP
3 92.083 50.074 1.426 78.398 0.871 HBA HBD HBD HYP
4 95.708 46.449 1.545 81.929 0.847 HBA HBD HYP RA
5 97.121 45.036 1.563 82.491 0.851 HBA HBD HYP PI
6 97.228 44.929 1.588 83.273 0.838 HBA HBD HBD HYP
7 97.620 44.537 1.609 83.955 0.832 HBA HBD HYP RA
8 98.308 43.849 1.629 84.611 0.828 HBD HYP RA RA
9 99.456 42.701 1.665 85.790 0.819 HBA HBD HYP RA

10 99.643 42.514 1.658 85.553 0.823 HBA HBD HYP RA
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ull cost = 142.157; fixed cost = 71.690; configuration cost = 13.057.
a Cost difference = null cost − total cost.

nhibition by binding at the bottom, tunnel and entrance of the
ctive site, respectively. Predicting the correct conformations of
DAC inhibitors is essential for creating the best pharmacophore
odel. Therefore, pre-molecular docking was performed to find

he correct binding orientations, which were then used in quan-
itative pharmacophore generation. HDAC8, among other HDAC
soforms, is found as a single polypeptide, whereas other isoforms

ere high molecular weight multimeric complexes. Most of the
urified recombinant HDACs are functionally inactive, thus mak-

ng HDAC8 as the best model among mammalian HDACs [28]. In
ddition, high-resolution crystal structures of HDAC8 are available
ith different inhibitors, thereby making this isoform of the HDAC

amily an interesting target [62,63]. The HypoGen protocol in the DS
rogram was employed with the training set compounds for which
he inhibitory activity profile is known. Pharmacophore models
ere generated using HBA, HBD, HYP, PI and RA features as sug-

ested by the Feature Mapping protocol, and ten pharmacophore
odels were exported for further studies. All of the generated
harmacophore models contained at least four chemical features.
our out of ten pharmacophore models had one HBA, two HBD and
ne HYP features. Other pharmacophore models possessed either
BA or HYP and HBD features along with a PI or RA feature. A

ignificant pharmacophore model should have a large difference

able 2
omparison of experimental and estimated activity values of the training set compounds

Name Fit value IC50 (�M)

Experimental Estimate

1 7.592 0.008 0.009
2 7.167 0.022 0.024
3 6.216 0.120 0.216
4 6.408 0.161 0.139
5 6.243 0.190 0.203
6 6.250 0.290 0.199
7 5.579 0.355 0.936
8 5.825 0.520 0.531
9 5.386 0.537 1.460

10 5.152 0.601 2.503
11 5.803 0.690 0.558
12 5.824 0.820 0.532
13 5.471 0.846 1.199
14 5.446 1.005 1.271
15 5.530 1.070 1.048
16 5.355 3.890 1.565
17 5.338 4.000 1.628
18 4.654 9.700 7.871
19 4.682 22.000 7.372
20 4.369 35.000 15.156

a Positive value indicates that the estimated activity is higher than experimental activity
ctivity.
b HDAC8 enzyme inhibitory activity: active, ++++ (IC50 ≤ 0.1 �M); moderately active, ++
between its total and null cost values. In the present study, the
top pharmacophore model (Hypo1) was developed with a cost
difference value of 61.146, indicating that the model and data cor-
related by more than 90%. Further evaluation of the generated
pharmacophore models was based on the correlation coefficient.
The correlation values of these 10 pharmacophore models were
greater than 0.822, and the first two pharmacophore models corre-
lated the activity data with high correlation values, i.e., above 0.9.
These results indicate the capability of the pharmacophore model
to predict the activity of the training set compounds. Hypo1 showed
the highest correlation coefficient value of 0.948, highlighting its
strong predictive ability. In addition, RMSD values for the top three
pharmacophore models were less than 1.5, further supporting the
predictive ability of the top pharmacophore models. Among the ten
pharmacophore models, Hypo1 was developed with better statis-
tical values, such as higher correlation, large cost difference, lower
RMSD (0.941) and lower configuration cost (13.057). As a result,
though it misses the hydrophobic cap group Hypo1 was selected

as the best pharmacophore model for further analyses. In order
to obtain the compounds with the features identified as in Hypo1
along with the missing hydrophobic cap group, the compounds
that are identified via database screening procedure were checked
for a hydrophobic group present next to the HBD away from the

based on the best pharmacophore model Hypo1.

Errora Activity scaleb

d Experimental Estimated

1.2 ++++ ++++
1.1 ++++ ++++
1.8 +++ +++

−1.1 +++ +++
1.1 +++ +++

−1.4 +++ +++
2.7 +++ +++
1 +++ +++
2.8 +++ ++
4.2 +++ +++

−1.2 +++ +++
−1.5 +++ +++

1.4 +++ ++
1.3 ++ ++

−1 ++ ++
−2.5 ++ ++
−2.4 ++ ++
−1.2 ++ ++
−3 + ++
−2.3 + +

and negative value indicates that the estimated activity is lower than experimental

+ (IC50 > 0.1 ≤ 1 �M); less active, ++ (IC50 >1 ≤ 10 �M); inactive, + (IC50 > 10 �M).
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ig. 4. The best pharmacophore model Hypo1 represented with distance con-
traints. Pharmacophoric features colored as follows: hydrogen bond acceptor
green), hydrogen bond donor (magenta), hydrophobic (cyan).

BA feature. The final hit compounds with no hydrophobic group
quivalent to this position are subjected to further optimization
y adding variety of hydrophobic groups. The newly identified and
esigned compounds were investigated for their novelty and syn-
hetic accessibility. Hypo1 consists of one HBA, two HBD and one
YP features. Table 1 shows the statistical parameters of the gen-
rated pharmacophore models. Fig. 4 presents the arrangements
f the pharmacophoric features along with their inter-feature dis-
ance constraints.

.2. Prediction of training set compounds and their overlay on
ypo1

All of the compounds in the training set and test set were
ategorized into four different groups based on their experimen-
al activity (IC50) values: active (IC50 ≤ 0.1 �M, ++++), moderately
ctive (0.1 ≤ IC50 ≤ 1 �M, +++), less active (1 ≤ IC50 ≤ 10, ++), and
nactive (IC50 > 10, +). The activity of each training set compound

as estimated by regression analysis based on the best pharma-
ophore model Hypo1 and the results are displayed in Table 2. Three
ut of twenty training set compounds were predicted as having
ifferent activities than their experimental values. Noticeably, all
ctive compounds in the training set were predicted as active com-
ounds with estimated activity values of 0.009 and 0.024, which
re very close to their experimental IC50 values of 0.008 and 0.022,
espectively. Two moderately active compounds were underes-
imated as less active compounds, and one of the two inactive
ompounds was overestimated and predicted to be less active.
rror values depict the ratio between the experimental and esti-
ated activity values. Positive error values are obtained when the

stimated activity value is higher than the experimental value and
negative value indicates the opposite. The first three most active

ompounds in the training set contained all of the four pharma-
ophoric features, whereas all of the other compounds mapped
hree pharmacophoric features of the best pharmacophore model,
ypo1. Fig. 5A and B shows the mapping of the most and least
ctive compounds of the training set on Hypo1, respectively. The
arbonyl and the hydroxyl groups present in the hydroxamic acid
roup of most active compound mapped upon the closely present
BA and HBD features, while the thiophene and secondary amino
roup located between the phenyl and the indole groups mapped

ver the HYP and the second HBD features, respectively. The least
ctive compound in the training set only maps with three fea-
ures of the best pharmacophore model Hypo1. The fit values of
hese most and least active compounds are 7.592 and 4.369, respec-
ively.
raphics and Modelling 29 (2010) 382–395 387

3.3. Pharmacophore validation

In addition to the training set prediction, the predictive abil-
ity of the best pharmacophore model Hypo1 was evaluated using
cost analysis, test set prediction, Fischer randomization, and E value
calculation methods. Cost analysis is based on the statistical cost
values generated during pharmacophore generation. A diverse test
set was used to verify if the pharmacophore model predicts the
activity of the compounds that are structurally distinct to the train-
ing set. The Fischer randomization test was employed to confirm
that the selected model was not generated as a result of chance
correlation. The E value calculation was conducted to validate the
selectivity of the generated pharmacophore model towards actives
rather than inactives.

3.3.1. Cost analysis
The HypoGen algorithm produced three cost values during phar-

macophore generation to assess the quality of the pharmacophore
models. The first cost value is the fixed cost value, also known as
ideal cost, represents the simplest model that fits the data perfectly.
The second one is the null cost value (no correlation cost) represents
the highest cost of a pharmacophore with no features estimating
the activity to be the average activity data of the training set com-
pounds. A significant pharmacophore should have a large difference
between these two cost values. Hypo1 was developed with a fixed
cost value of 71.690 and a null cost value of 142.157, thus with a
difference of 70.467. The third cost is the total cost value calcu-
lated for every pharmacophore model and should be close to the
fixed cost value. A large difference between the total and null costs
indicates a more significant pharmacophore model. Hypo1 scored
a total cost value of 81.011, which is closer to the fixed cost, for a
cost difference of 61.146 (shown in Table 1).

3.3.2. Test set prediction
A set of 77 compounds with diverse structures and range of

activity values when compared to the compounds in the train-
ing set was used to evaluate the best pharmacophore model,
Hypo1. The chemical structures of the test set compounds are
provided as supplementary material. The Ligand Pharmacophore
Mapping protocol with the Best Flexible Search option was used
to map all of the test set compounds and the estimated activity
values were predicted for each compound. The simple regres-
sion between the experimental and estimated activity values of
the test set compounds showed a correlation coefficient value
of 0.879. In particular, no compound in the test set was pre-
dicted with an error value more than 10, thus not exhibiting more
than one order of magnitude between experimental and estimated
activities (Table 3). Noticeably, 85% (65 compounds) of the test
set compounds were predicted within their activity scales while
the remaining 15% (12 compounds) were predicted in different
activity scales. From these 12 compounds, 3 out of 15 active com-
pounds were underestimated as moderately active; 1 moderately
active compound was overestimated as active compound, and 8
moderately active compounds were underestimated as less active
compounds. All of the less active and inactive compounds were pre-
dicted within their activity scales. Fig. 6 shows the correlation plot
for both the training and test set compounds.

3.3.3. Fischer randomization test
The third approach to validate the statistical robustness of the

best pharmacophore model is based on Fischer’s randomization

method. The experimental activities of the training set were scram-
bled randomly and the resulting training set was used in HypoGen
with the parameters chosen for the original pharmacophore gen-
eration. A set of 19 random spreadsheets was generated to achieve
a 95% confidence level that the best pharmacophore Hypo1 was
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.3.4. Enrichment factor calculation
A database of 1411 compounds (D) including 97 known

nhibitors (A) was used in this study. Using the selected pharma-

able 3
est set prediction based on the best pharmacophore model Hypo1.

Name IC50 (�M) Errorc Activity scaled

Expa Estb Expa Estb

21 0.014 0.015 1.1 ++++ ++++
22 0.016 0.016 1 ++++ ++++
23 0.024 0.181 7.5 ++++ +++
24 0.026 0.035 1.3 ++++ ++++
25 0.038 0.059 1.6 ++++ ++++
26 0.040 0.044 1.1 ++++ ++++
27 0.040 0.033 −1.2 ++++ ++++
28 0.041 0.037 −1.1 ++++ ++++
29 0.041 0.042 1 ++++ ++++
30 0.049 0.051 1.1 ++++ ++++
31 0.050 0.03 −1.7 ++++ ++++
32 0.051 0.052 1 ++++ ++++
33 0.072 0.092 1.3 ++++ ++++
34 0.089 0.117 1.3 ++++ +++
35 0.100 0.552 5.5 ++++ +++
36 0.110 0.093 −1.2 +++ ++++
37 0.119 0.117 −1 +++ +++
38 0.140 0.141 1 +++ +++
39 0.140 0.143 1.1 +++ +++
40 0.141 0.119 −1.2 +++ +++
41 0.145 0.136 −1.1 +++ +++
42 0.148 1.153 7.8 +++ ++
43 0.150 0.146 −1.1 +++ +++
44 0.159 0.927 5.8 +++ +++
45 0.190 0.252 1.3 +++ +++
46 0.192 1.247 6.5 +++ ++
47 0.200 0.201 1 +++ +++
48 0.201 1.311 6.5 +++ ++
49 0.202 1.032 5.1 +++ ++
50 0.203 0.2 −1.1 +++ +++
51 0.210 0.217 1 +++ +++
52 0.230 0.225 −1.1 +++ +++
53 0.234 0.388 1.7 +++ +++
54 0.237 0.586 2.5 +++ +++
55 0.238 0.237 −1 +++ +++
56 0.250 0.257 1.1 +++ +++
57 0.251 0.25 −1.1 +++ +++
58 0.254 2.517 9.9 +++ ++
59 0.255 0.841 3.3 +++ +++

a Experimental activity.
b Estimated activity.
c Positive value indicates that the estimated activity is higher than experimental activity

ctivity.
d HDAC8 enzyme inhibitory activity: active, ++++ (IC50 ≤ 0.1 �M); moderately active, +
pon the best pharmacophore model Hypo1. Pharmacophoric features colored as
(cyan). Dark magenta color represents the missing hydrogen bond donor feature.

to the web version of the article.)

cophore model, Hypo1, 109 compounds (Ht) were retrieved as hits
from the database screening. Among these hits, 92 (Ha) compounds

were from the 97 known inhibitors. Therefore, the enrichment fac-
tor was calculated to be 12.27, indicating that it is 12 times more
probable to pick an active compound from the database than an
inactive one. The following formula was used to calculate the E
value, E = (Ha × D)/(Ht × A).

Name IC50 (�M) Errorc Activity scaled

Expa Estb Expa Estb

60 0.262 0.261 −1 +++ +++
61 0.270 0.271 1 +++ +++
62 0.290 0.481 1.7 +++ +++
63 0.291 1.153 3.9 +++ ++
64 0.300 0.909 3.1 +++ +++
65 0.313 0.313 1 +++ +++
66 0.329 0.92 2.8 +++ +++
67 0.336 0.336 1 +++ +++
68 0.340 3.411 10.1 +++ ++
69 0.344 0.259 −1.3 +++ +++
70 0.345 0.88 2.6 +++ +++
71 0.350 0.279 −1.3 +++ +++
72 0.353 0.975 2.8 +++ +++
73 0.366 1.032 2.8 +++ ++
74 0.400 0.401 1.1 +++ +++
75 0.400 0.585 1.5 +++ +++
76 0.401 0.392 −1.1 +++ +++
77 0.402 0.4 −1 +++ +++
78 0.412 0.944 2.3 +++ +++
79 0.441 0.469 1.1 +++ +++
80 0.454 0.448 −1.3 +++ +++
81 0.460 0.467 1.2 +++ +++
82 0.650 0.648 −1.1 +++ +++
83 0.690 0.688 −1.1 +++ +++
84 0.724 0.707 −1.3 +++ +++
85 0.780 0.770 −1 +++ +++
86 0.790 0.792 1.2 +++ +++
87 0.790 0.791 1.1 +++ +++
88 0.800 0.799 −1.1 +++ +++
89 0.883 0.886 1.2 +++ +++
90 1.090 1.083 −1.3 ++ ++
91 1.450 1.442 −1.2 ++ ++
92 1.710 1.700 −1 ++ ++
93 1.890 1.893 1.1 ++ ++
94 2.800 2.640 −1.1 ++ ++
95 6.800 7.289 1.1 ++ ++
96 7.000 6.852 −1.1 ++ ++
97 33.960 36.658 1.2 + +

and negative value indicates that the estimated activity is lower than experimental

++ (IC50 > 0.1 ≤1 �M); less active, ++ (IC50 >1 ≤ 10 �M); inactive, + (IC50 > 10 �M).
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.4. Database screening and drug-likeness prediction

The best pharmacophore model, Hypo1, was used as a 3D
uery to search three chemical databases, NCI (260,071 com-
ounds), Maybridge (59,632) and Chembridge (50,000), for a total
f 369,703 compounds. The Ligand Pharmacophore Mapping pro-
ocol with the Best Flexible Search option was employed to search
hese databases. Inhibitory activity values were estimated for the
ompounds obtained from the database screening. A total of 5342
4196, 726 and 420 compounds from NCI, Maybridge and Chem-
ridge, respectively) compounds were mapped upon all of the
harmacophoric features present in Hypo1. A total of 1137 com-
ounds scored a HypoGen estimated activity value less than 1 �M
nd were considered for further studies. In addition, violations of
ipinski’s rule of five were calculated for the hit compounds and
86 compounds that obeyed Lipinski’s rule of five were subjected
o molecular docking studies. Fig. 8 lists the steps and outcomes of
he database screening procedure.
.5. Molecular docking

All of the final hit compounds were docked into the active site of
DAC8 using GOLD, version 4.1. The active site was defined based
n the bound inhibitor in a crystal structure (PDB ID 1T64). The

Fig. 7. Results of Fischer randomization test for 95% confidence level.
Fig. 8. Results of database screening using Hypo1 as 3D query.

GOLD fitness score along with the binding orientation and hydro-
gen bond network were considered as the primary components
to choose the best poses of the docked compounds. Compound 1
of the training set has scored a GOLD fitness score of 62.566 and
was in contact with the catalytically important metal ion and other
functionally important active site residues such as H142, H143,
H180 and Y306 (shown in Fig. 9A). Binding mode of this com-
pound correlated well with the pharmacophore overlay (Fig. 5A).
The hydroxamic acid moiety of this compound mapped on the
HBA and HBD features whereas the central thiophene and the
only secondary amino groups mapped over the central HYP and
second HBD features, respectively. The five-membered thiophene
ring fits the hydrophobic tunnel of the active site and the indole
ring acts as the hydrophobic cap group for the active site entrance
contacts. Prior analyses on the interactions between the various
bound inhibitors and HDAC8 in the available crystal structures
of HDAC8 revealed that metal ion (Zn2+), H142, H143 and Y306
are the important active site components. Based on this informa-
tion as well as the GOLD fitness score, the docked poses of the
database hit compounds were prioritized. The compounds with
GOLD fitness scores above 60 were considered for the next step
of the analysis. Sixty-four compounds scored GOLD fitness scores
more than 60. Careful visual inspection of the binding orientation
and the hydrogen bond network with the catalytic machinery at
the active site allowed us to select the compounds we hypothe-
sized would act as novel and potential leads in drug design. Finally,
three compounds, namely HTS 09035, BTB 08560 and RF 02863,
were identified with the GOLD fitness scores and estimated activ-
ity values of 73.224 �M, 68.538 �M and 64.809 �M and 0.807 �M,
0.49 �M and 0.004 �M, respectively. The hydrogen bond network
and the metal ion interaction were also observed for these hits. HTS

09035 forms a hydrogen bond network with H142, D178, H180, and
D101 and interacts with the metal ion (Fig. 9B). This compound is
a derivative of 1,2,4-thiazole-3-thione with a long alkyl chain. The
comparison of pharmacophore overlay of this compound with its
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Fig. 9. Molecular docking results. Docked orientations of (A) compound 1 of training set (cyan color) (B) HTS 09035 (orange color) (C) BTB 08560 (green color) (D) RF02683
(gray color). Active site residues are shown stick form and metal (Zn2+) ion is shown in green sphere. Hydrogen bond network with protein residues and metal ion is
represented in black dotted and green straight lines, respectively.

Fig. 10. The pharmacophore overlay of hit compounds. (A) HTS 09035 (B) BTB 08560 (C) RF 02863 (D) OPT-15.
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Table 4
List of optimized compounds from HTS 09035 and their estimated activity values with SYLVIA score.

Name Structure Estimated Activity SYLVIA scorea

OPT1 0.413 4.051

OPT2 0.373 4.675

OPT3 1.201 4.764

OPT4 0.257 4.326

OPT5 0.502 4.14

OPT6 0.583 4.677

OPT7 0.967 4.749

OPT8 0.407 4.445

OPT9 0.442 4.884

OPT10 0.237 4.884

OPT11 0.291 4.949
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Table 4 (Continued)

Name Structure Estimated Activity SYLVIA scorea

OPT12 0.369 4.661

OPT13 0.688 5.139

OPT14 0.381 5.058

OPT15 0.11 5.067

OPT16 0.447 5.211

OPT17 0.153 4.594

OPT18 0.329 4.594

OPT19 0.226 4.658

OPT20 0.184 4.358

OPT21 0.131 4.86
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Table 4 (Continued)

Name Structure Estimated Activity SYLVIA scorea

OPT22 0.165 4.792

OPT23 0.203 4.801

OPT24 0.365 4.957

a Synthetic accessibility score where the threshold value 3 indicates the compounds th
to be synthesized.

F

m
t
h
H
s

of these identified hits are of diverse scaffolds and thereby pro-
ig. 11. Docked conformation of the top scored compound after optimization.

olecular docking results revealed that this compound contains all

he generated pharmacophoric features of this study but missed the
ydrophobic cap group of the general pharmacophore model for
DAC inhibitors. The binding mode of this compound at the active

ite showed that two five-membered rings that mapped on two

Fig. 12. 2D representations of
at are easy to be synthesized and value 6 indicates the compounds that are difficult

HBD and one HBA features of Hypo1 formed contacts to the catalytic
machinery that includes a metal ion, two histidine and aspartate
residues and the residues at the entrance. The long alkyl chain
that mapped the central HYP feature of Hypo1 fits the hydrophobic
tunnel of the active site (Fig. 10A). As this compound missing the
hydrophobic cap group it was subjected to further optimization.
BTB 08560 shows hydrogen bond interactions with H142, H143,
H180, Y306, and Y100 and coordinates the metal ion (Fig. 9C). It is a
derivative of N-phenylacetamide derivative with a five-membered
ring in the center. The binding mode and pharmacophore overlay of
this compound showed that the amide moieties that mapped well
on the two HBD and one HBA features of Hypo1 have formed polar
contacts in the active site while the central five-membered methyl
triazole ring was located at the tunnel enabling hydrophobic con-
tacts (Fig. 10B). RF 02863 also forms hydrogen bond interactions
with Y100, D101, H142, D178, H180, and Y306 and also binds to
the metal ion (Fig. 9D). This compound is a derivative of phenylcar-
bamate. Carbamate part of this compound that mapped over the
closely present HBA and HBD features of Hypo1 found in contact
with the catalytic machinery residues. The terminal triazole and
central phenyl rings mapped over the other HBD and HYP features
of Hypo1, respectively, are in contact with the residues present
in the entrance and tunnel part of the active site (Fig. 10C). All
viding wide opportunities for future HDAC8 inhibitor design. The
novelty and synthetic accessibility of the hits were assessed using
SciFinder scholar and SYLVIA 1.0, respectively. The SciFinder results
confirmed that these compounds had not been previously tested for

the final hit compounds.
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DAC8 inhibition. The SYLVIA synthetic accessibility scores for HTS
9035, BTB 08560 and RF 02683 were 3.94, 2.86 and 3.95 respec-
ively. Based on the combination of these results, we suggest that
he identified compounds are novel and potent virtual leads for
DAC8 inhibitor design.

.6. Optimization of HTS 09035 for a hydrophobic cap group

All of the final hit compounds bound strongly at the enzyme’s
ctive site. Although HTS 09035 scored a high GOLD fitness score,
t lacks a hydrophobic cap group, which is one of the essential
harmacophoric points for strong interactions at the active site.
his hydrophobic cap group interacts at the entrance of the active
ite. Various substitutions were made to improve the entrance
inding of this hit compound. Table 4 shows the list of modifi-
ations made to HTS 09035 and their estimated activity values.
five-membered ring with a thiocarbonyl group at one end that

upposed to bind with charge relay system residues at the bot-
om of the active site was kept constant; the ring at the other end
as replaced with various hydrophobic substitutions to improve

inding at the active site entrance. Then, we substituted a linear
hiourea moiety for the entire five-membered ring at the bottom
f the active site to test its significance. Among the various sub-
titutions, a 1-indole substitution at the place of the thiocabonyl
roup (OPT-15) exhibited a better estimated activity value of 0.11
han other substitutions or its precursor HTS 09035. The pharma-
ophore overlay of this compound revealed that it can map all the
eatures of Hypo1 well with the added hydrophobic group, which
an bind the residues form the entrance of the active site (Fig. 10D).
he thiourea analogue of the same compound scored an estimated
ctivity of 0.203. A compound containing 3,5-pyrimidine at the
ame position (OPT-3) scored the least estimated activity. More-
ver, OPT-15 scored an improved GOLD fitness score of 75.98 and
gained �–� interaction with Y100 at the entrance of the active

ite (Fig. 11). The synthetic accessibility of all of the optimized com-
ounds was checked using SYLVIA, version 1.0 and the results are
isplayed in Table 4. In addition, 2D representations of the final hits
nd OPT-15 are shown in Fig. 12. The novelty of the reported hits
as also confirmed by SciFinder Scholar and Pubchem compound

earches.

. Conclusion

In this work, we built a pharmacophore model with a diverse
raining set containing 20 compounds with experimental IC50 val-
es for HDAC8 inhibition. The best pharmacophore model was
ade of one HBA, two HBD and one HYP features with a high

orrelation value of 0.948 and was validated using 77 structurally
istinct test set compounds with a correlation coefficient value
f 0.879. In addition, Fischer randomization and E value calcula-
ion were also used in pharmacophore validation. The validated
harmacophore model was applied as a 3D query in a database
earch to identify novel scaffolds for use in drug discovery of HDAC8
nhibitors. Five hundred eighty-six compounds with estimated
ctivity values less than 1 �M and favorable drug-like properties
ere selected and docked into the active site of HDAC8. Based on
OLD fitness scores, binding orientations and the interaction net-
ork with the catalytic machinery of the deacetylation enzyme,

hree final lead candidates were suggested for use in HDAC8
nhibitor design. Visual inspection and docking results revealed

hat the top hit compound, which scored the highest GOLD fit-
ess score, lacks a hydrophobic cap for interacting with the active
ite entrance. A variety of substitutions were made on the top
it compound to improve the binding at the active site, partic-
larly to enhance entrance recognition. The replacement of the

[

[

raphics and Modelling 29 (2010) 382–395

thiocarbonyl group with an indole improved the binding whereas
other substitution either decreased or maintained the binding affin-
ity at the active site. Many of the optimized compounds scored
better estimated activity values. The optimized compounds with
better estimated activity values were analyzed for their synthetic
feasibility and novelty, and the results confirmed their ease of
synthesis and novelty. Altogether, the results from all of the exper-
iments provided a set of novel virtual leads for HDAC8 inhibitor
design.
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